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Introduction 
The collection of large-scale data presents both tremendous opportunity and great 
challenges to businesses. Through this collection, a business may gain greater access to higher 
volumes of information, allowing trends to be identified more quickly and easily, and leading to 
more informed decision-making. However, it is the sheer volume of data that can pose an 
obstacle to the business wishing to leverage it. A reliable quantitative method is needed to 
accurately analyze data and to form actionable insights for the business. By utilizing these 
methods to interface with the data, the data becomes a powerful resource for recognizing and 
responding to market trends.  
Online customer reviews can serve as a rich source of data for a business to learn more 
about how its products and services are received by its consumer base. The current research aims 
to explore the existing research on how customer review and word-of-mouth marketing, along 
with businesses’ responses thereof, impact business performance. The impacts of cultural 
differences among consumers will also be explored in the literature. Finally, the current research 
will identify trends within customer review data using data mining and non-parametric statistical 
techniques. The results of this analysis will demonstrate a quantitative method by which to gain 
insights from data to be leveraged in consumer interaction and marketing strategy. 
Literature Review 
While online reviews and customer forums provide a business with the means to collect 
information about its customers and the reception of its products and services, such tools also 
allow customers to exchange information with one another. For better or worse, the customer 
base becomes, at least in part, its own source of marketing. We can see in the literature examples 
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of the impacts that both positive and negative reviews and word-of-mouth marketing can have 
upon the business. 
Researchers Anderson and Magruder (2012) found in a regression analysis of restaurant 
reviews from Yelp.com that for every additional half star given to the average rating of a 
restaurant, there was a corresponding increase in the frequency of that restaurant’s reservations 
being fully booked. This research suggests that more positive reviews drive an increase in 
patronage.  
Morgan and Rego (2006) arrived upon similar conclusions in their research. They found that 
among customer feedback metrics taken from the American Customer Satisfaction Index, 
including average satisfaction, top 2 box, complaints, net promoters, repurchase likelihood, and 
number of recommendations, average satisfaction was shown to be the best predictor of total 
shareholder returns. We see then, that higher average ratings of customer satisfaction are shown 
not only to be a reliable indicator of increased patronage, but also of increased financial success 
for a business and its stakeholders. 
Conversely, there can be harmful consequences to performance when customers are not 
satisfied. Luo (2009) found in a study on the impact of negative word-of-mouth (NWOM) in the 
airline industry that NWOM bore a significant impact on the financial performance of an airline. 
Indeed, an instance of NWOM could result in a loss of over $1.8 million for an airline in the 
following month (Luo, 2009, p. 156). Luo’s (2009) research goes on to show that NWOM not 
only has a significant and negative impact on cash flow for a business in the short term, but that 
there can be farther-reaching consequences as well. NWOM can result in a decrease in a firm’s 
stock price, in turn leading to further losses over time. It is therefore critical to a firm’s financial 
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success to not only seek more positive reviews and word-of-mouth marketing, but also critical to 
identify dissatisfaction among consumers as early as possible so that it can be addressed. 
Provided that a business can identify dissatisfaction, how can that dissatisfaction be 
addressed effectively, and ideally remedied? A study on customer complaints by Conlon and 
Murray (1996) found that companies’ responses to complaints yielded the most favorable results 
from customers when the company accepted responsibility for the complaint made, and that 
customers also responded more favorably when compensation was offered as part of the 
company’s response. Customers were less satisfied with responses when they were perceived not 
to have been sent in a timely fashion, and when the product about which a complaint was made 
was expensive.  
These findings are supported by the conclusions of Kim, Park, Cha, and Jeong (2015), in 
which qualitative and quantitative methods were used to analyze activity on Twitter following a 
negative incident with Domino’s Pizza. The researchers found that Domino’s was mentioned 
five times more frequently in tweets than it was in the week prior to the incident (Kim et al., 
2015, p. 6). While negative affect surrounding Domino’s spiked quickly following the incident, 
however, the negative response quickly subsided following issuance of a public apology from the 
company’s president. It is perhaps worth noting that even with the gap in time between Conlon 
and Murray’s (1996) research and Kim et al.’s (2015) research, the finding remained consistent 
that a company may reduce customer dissatisfaction simply through statements of accepting 
accountability for fault. It should also be noted that as with the findings of Conlon and Murray 
(1996), the timeliness of the response in the Domino’s case researched by Kim et al. (2015) was 
a likely contributor to the rapid decrease in negative sentiment following the incident. 
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Timeliness of response was shown to be a significant factor in how favorably customers 
responded to hotels’ responses to customer complaints in a study by Xie, So, and Wang (2017). 
To build further upon the factors which determine the effectiveness of a response to complaints, 
the researchers found that customers preferred responses from functional staff members and 
departments that could provide a hands-on solution to their problem rather than responses from 
executive management. Customers also responded more favorably to responses when the 
complaint was not repeated within it (Xie et al., 2017, p. 106). When those criteria of timely 
response from a functioning staff member or department and without repetition of the complaint 
were met, there was an increase in hotel revenue. Not effectively addressing complaints in that 
manner resulted in a decrease in revenue.  
Together, the findings of Conlon and Murray (1996), Kim et al. (2015), and especially Xie et 
al. (2017) show that a business must not only respond to complaints quickly, but must also do so 
in a particular, results oriented fashion to achieve the most favorable results. When a business 
can provide a rapid response, accept responsibility for faults, and provide compensation or 
hands-on solutions to a problem without simply echoing the complaint back to the consumer, 
they are much more likely to diminish or even reverse negative sentiment. In so doing, the 
business is also much more likely to avoid the negative impacts seen in the research of Luo 
(2009) and Xie et al. (2017). In the simplest of terms, a business needs to make its customers feel 
that they are being heard and that action is being taken to address their concerns. This need 
underscores the importance of being able to leverage the data to quickly identify dissatisfaction 
when it arises, so that a response can be made. 
 Once again, the volume of data and size of the consumer base may introduce additional 
difficulty in identifying and responding to consumer needs. If trends in sentiment and behavior 
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can be identified within a specific segment of the market, then a business can tailor its approach 
in monitoring and responding to that segment more effectively. For example, if a consumer 
group is identified as having a more negative orientation, then a business may choose to focus 
more resources on addressing that segment’s concerns in order to mitigate any harmful impacts 
that might arise from negative reviews or NWOM. A negatively oriented customer group may 
also be further analyzed to gain insights into a firm’s weaknesses.  
In the same way, a more positively oriented customer group may be leveraged by a firm 
as a means of identifying its strengths, or as a source of positive review that could be promoted 
as a means of trying to sway other customers. A firm might even choose which groups it prefers 
to focus marketing itself towards based on the level of maintenance that could go into satisfying 
each customer group. 
To more greatly understand cultural differences among consumers, the current study once 
again turns to the findings of past research. Zhang, Beatty, and Walsh (2008) proposed the idea 
of “cultural service personalities” as distinct sets of tendencies between culturally distinct groups 
of consumers. Their research suggests that consumers in Western markets have higher service 
expectations and are therefore more difficult to please and more likely to issue complaints as 
compared to consumers in Eastern markets. One possible explanation for this finding is that 
Western consumers, being generally more individualistic, have higher expectations for individual 
attention from service providers (Zhang et al., 2008, p. 221). 
 Differences in individualist and collectivist cultures are further explored in research by 
Hong, Huang, Burtch, and Li (2014). The researchers found in a text mining analysis of online 
customer reviews that consumers from collectivist cultures were less likely to deviate from the 
average rating given compared to consumers from individualist cultures. Consumers from 
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individualist cultures were also found to be more likely than collectivist consumers to write more 
emotional reviews. 
 Mariani, Fatta, and Felice (2018) observed the effects of other cultural measurements on 
customer satisfaction in hotel reviews. The researchers found that customers from cultures with 
higher power distance ratings gave lower ratings of hotels. The same finding was seen for 
customers high in individualism and uncertainty avoidance. Customers with higher ratings of 
long-term orientation and indulgence were both more likely to give higher ratings of hotels. 
These findings echo what is seen in the research by Zhang et al. (2008) showing a greater 
tendency among Western individualist customers to have high expectations of service and being 
difficult to please. 
 Tsai and Men (2017) explored differences in social media engagement on brand pages for 
American and Chinese customers. While both consumer groups reported that their primary 
reasons for engagement with brand pages were information seeking and entertainment, the two 
groups were contrasted from one another in other ways. Chinese customers reported engaging in 
brand pages as a source of social benefit, where they could interact with other customers while 
Americans considered this less important. American customers were more motivated to engage 
with brand pages when they stood to receive more tangible benefits, such as discounts on goods 
(Tsai and Men, 2017, p. 15). The researchers also found that Chinese customers showed a much 
higher level of engagement within brand pages on social media than American customers did. 
Given their higher level of activity and greater prioritization of social benefit, Chinese customers 
also placed more value in the opinions of other social media users. 
Contrary to research highlighting the differences between consumers of varying cultural 
backgrounds, Blocker (2011) presents a conceptual framework of customer value as an 
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interaction of benefits including offer quality, personal interaction, service support, and know-
how, and sacrifices including direct costs, acquisition costs, and operation costs (Blocker, 2011, 
p. 534). These measures were found to be largely explanatory of customer satisfaction across 
cultures and the framework can therefore be thought of as being generalizable to distinct 
consumer groups (Blocker, 2011, p. 536).  
 Considering the findings of Zhang et al. (2008), Hong et al. (2014), and Tsai and Men 
(2017) in conjunction with one another, we may draw some conclusions about how the 
reviewing activity of consumers may affect each other and the business within Western and 
Eastern markets. The research shows that American consumers and consumers of other 
individualist countries are more likely to voice dissatisfaction, but also more likely to deviate 
from prior opinion, while the opposite appears to be true for Chinese and other collectivist 
consumers (Zhang et al., 2008; Hong et al., 2014). Given also that Chinese consumers are more 
active in brand social media and word of mouth marketing (Tsai and Men, 2017), we might 
conclude that while Western consumers are more likely to voice dissatisfaction, dissatisfactions 
among Eastern consumers are more likely to influence the opinions of other consumers. 
Furthermore, negative opinions among Eastern consumers may be more difficult or slow to 
change if a negative orientation pervades the community. If that were the case, however, it would 
also stand to reason that a positive orientation among Eastern consumers would also be slow and 
difficult to change. Western consumers might be considered as a fickler and more short-term 
oriented consumer base, which would carry its own benefits and challenges for marketers. 
Methodology 
 The current research method utilizes an Amazon customer review public dataset 
consisting of a total of over 9.8 million reviews written by customers from the United States, 
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United Kingdom, France, Germany, and Japan. Each row of the data represents one product 
review. The measures considered for this analysis are the country in which the review was 
written, the customer ID number of the reviewer, the product category of the item being 
reviewed, the star rating given to the item by the reviewer, the number of “helpful” votes given 
to the review by other customers, along with the total number of votes, and lastly the length of 
the body of the review. 
 For the purposes of the current research, the star rating given in a review is used as a 
measure of customer positivity. The number of helpful votes is used as a measure of the value 
that customers place on existing reviews, referred to here as social value. The number of total 
votes given, and the length of the review are considered as measures of engagement with the 
review platform. These constructs are analyzed at three levels of granularity. These levels are the 
country, product category, and customer ID number. This method is intended to show whether 
significant difference exist between the measures of customer positivity, social value, and 
engagement between reviewers from different countries, between reviewers reviewing products 
within a specific product category, and between individual customers. The current research also 
presents a method for predicting the star rating given in a review based on the country and 
product category. This is intended to further explore whether customers from certain countries 
are more inclined toward positive reviews or whether customers tend to feel more positively 
towards specific kinds of products. The same method is used to predict the number of helpful 
votes given based on country, product category, star rating and review length. The goal of this 
analysis is to gain insight into whether a greater amount of social value tends to be present within 
a country or product category, and also to show if the helpfulness of a review is more a product 
of the positivity or length of a review, rather than being based on characteristics of the user 
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providing the vote. Lastly, the predictive analysis is used to predict the length of review based on 
country, product category, and star rating. This is done to explore whether there is a tendency to 
give more verbose reviews within a country or category, or if customers tend to give lengthier 
reviews based on how positively they felt about a product. 
 To account for the unequal number of reviews between countries, product categories, and 
customers, the nonparametric Kruskal-Wallis test is used to compare each of the measures 
between groups. Dunn’s test is used with a Bonferroni correction as a post-hoc test for the 
Kruskal-Wallis. Finally, a CART analysis is used for the predictive analyses. 
Results 
 All Kruskal-Wallis tests returned significant p-values < 0.01 for all comparisons used. 
This finding suggests that there are significant differences in the positivity, social value, and 
engagement at all levels of granularity. The post-hoc tests are used to review these relationships 
in greater detail. All output from the analyses run in R can be found in the appendix. 
 The adjusted p-values in the Dunn’s test comparing star ratings between countries shows 
significant differences for all countries compared, with the largest difference being between 
Japan and the United Kingdom. Germany and the United States show the most similar measures 
of positivity. Contrary to what would be expected from the prior research, Japan also appears to 
consistently tend towards more negative reviews according to the results of Dunn’s test. 
 Moving on to the comparison of helpful votes between countries, Dunn’s test shows 
significant differences between all countries except for Germany and France. More consistent 
with prior research, Japan shows a strong tendency towards a greater number of helpful votes. 
The United States and United Kingdom likewise consistently show a stronger tendency towards 
a lower number of helpful votes. 
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 Looking at the Dunn’s test results for the comparison of total votes between countries, 
and the Dunn’s test results for the comparison of review lengths between countries, significant 
differences between all countries are found once again. Japan shows consistently stronger 
tendencies towards a higher number of total votes and greater review lengths compared with all 
other countries in the data. The United States shows a stronger tendency towards greater review 
length as compared with the United Kingdom, but otherwise shows a tendency to measure lower 
on both measures compared to all other countries in the data. 
 The results of the Kruskal-Wallis tests and Dunn’s tests with Bonferroni correction 
suggest that contrary to prior research, customers in Japan, a country in an Eastern market, have 
a stronger tendency towards writing negative reviews compared to the United States and other 
Western countries in the data, the United Kingdom, Germany, and France. However, the results 
also show a consistency with previous findings on social value and engagement, those measures 
being higher among Japanese customers than those of Western countries. 
 Shifting focus from differences between countries, the results of the Kruskal-Wallis tests 
and Dunn’s tests for the product category comparisons each yielded 703 direct comparisons 
between each of the product categories present in the data. While the Kruskal-Wallis test 
returned a significant p-value for this comparison, not all adjusted p-values returned in the 
Dunn’s test show a significant difference for all product category comparisons. Among those 
differences which were found to be statistically significant in the Dunn’s test results, music 
purchases account for most of the largest differences in star ratings, frequently appearing as 
significantly more positive than other product categories. Other product category comparisons 
showed much smaller differences in their star ratings as compared to those showed with the 
music category, even when the differences were found to be highly statistically significant. This 
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finding suggests that customers have a stronger tendency to feel positively about music 
purchases than about other product categories. No category appeared to be consistently rated 
lower than other categories. 
 In terms of helpful votes between product categories, the Dunn’s test interestingly shows 
that reviews for physical books are typically found to be far more helpful than reviews for e-
books. In fact, the results suggest that book reviews are found to be more helpful than reviews 
for products in other categories in general. Similar to what was seen with star ratings, the results 
also show that music reviews are frequently found to be significantly more helpful than reviews 
in other categories. Video and DVD purchases show a similar trend in helpful votes. These 
results suggest that customers may place more value on reviews of media than on reviews of 
more physical goods. These same findings are echoed in the results for the comparison of total 
votes between countries. It stands to reason that a greater number of helpful votes within a 
product category would correspond with a higher number of total votes within that same 
category. 
 While the Dunn’s test returned many statistically significant adjusted p-values for the 
comparison of review length across product categories, none of the differences observed 
appeared to be large. This suggests that review length is not largely driven by the category of the 
product being reviewed.  
 For the predictive analyses, five random samples of 1000 rows each were taken from the 
full dataset to preserve processing power. These five samples were then used to generate 
regression trees to predict star rating, helpful votes, and review length. 
 The five trees built to predict star rating show slightly different results for each sample 
used, and the fifth sample shows no branching at all, suggesting that there were no significant 
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differences in star ratings between any of the countries or product categories in that sample. The 
overall results do suggest, however, that product category plays a predictive role in the star rating 
of the review more than the country does, as none of the splits shown occur based on a country 
variable. The results also show with some consistency that the home entertainment and wireless 
categories appear to have a tendency towards lower star ratings, and that the overall average of 
star ratings for the sample is about 4.3, and this rating actually is seen for the majority of reviews 
in every sample. 
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Table 1: The regression trees for prediction of star rating. 
 While the five samples produced regression trees of very different structures for the 
prediction of helpful votes, it appears consistent across models that review length is a key 
predictor. The models suggest that greater review length predictably leads to a higher number of 
helpful votes. In those models where star rating appears as a predictor, it appears that reviews on 
the more extreme ends of the scale (being <=2 or >=5) are considered to be more helpful. 
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Table 2: The regression trees for prediction of helpful votes. 
 The regression trees to predict review length consistently show the reviews with a star 
rating under 5 tend to have a shorter review length than reviews with 5 stars. Germany, the 
United States, and United Kingdom also appear to have generally shorter reviews across the 
samples. Product category appears to make up much of any remaining variability in review 
length. 
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Table 3: The regression trees for prediction of review length. 
Discussion 
 To reiterate the key findings of the nonparametric analyses, the results suggest that 
Japanese customers have a stronger tendency compared to other customers to give lower star 
ratings, but more helpful votes, more total votes, and longer reviews. The strongest tendency 
towards positive reviews is seen in the United Kingdom. The United Kingdom also showed the 
strongest tendency towards writing the shortest reviews, but the United States showed a stronger 
tendency towards fewer helpful votes and total votes than the United Kingdom. The basic 
comparisons are visualized in Table 4. The results contradict the findings of Zhang et al. (2008) 
in that the researcher’s found Western customers to be more likely to voice complaints and be 
more difficult to please. However, the results do show support for the findings of Tsai and Men 
(2017), in that Japanese customers were found to place more value on previous reviews and to be 
more engaged in the review platform, as measured through helpful votes, total votes, and review 
length. 
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star_rating 
JP < FR < DE < US < UK 
helpful_votes 
US < UK < FR < DE < JP 
total_votes 
US < UK < FR < DE < JP 
review_length 
UK < US < FR < DE < JP 
Table 4: A visualization Dunn’s test results for comparisons between countries. 
The analyses of product category differences show that the strongest tendency towards 
positive star ratings is found in music purchases, and that reviews for books, videos, and DVDs 
were generally considered to be the most helpful. It should be noted that these trends are 
observed at an international level, as this segment of the analysis observed differences between 
product categories irrespective of the country variable.  
Despite the findings of the Kruskal-Wallis analyses, the regression tree tests did not offer 
strong support for there being significant differences in star rating, helpful votes, or review 
length based on country. Rather, product category was shown to drive differences in star rating 
more than country, and those differences were shown to be small. This finding suggests that the 
positivity of the review has more to do with the quality of the individual product than does the 
culture of the reviewer or the leanings of customers within a product category. This provides 
support for the findings of Blocker (2011), that measures of customer value may be generalized 
across culture. 
Product category and star rating do appear to be important predictors of review length, 
which in turn is a strong predictor of helpful votes. It could be the case that customers seek more 
information within certain product categories about which they have less knowledge, and 
lengthier reviews, providing more information, would be considered more valuable by those 
seeking to be more in the know about those categories. The fact that reviews with more polar star 
   
 
  21 
 
ratings are considered more helpful may be due to customers being more interested in what the 
best and worst points of the product are according to other customers.  
What insight this may provide to business users is that it is of greater importance to 
monitor reviews with polar star ratings, especially with larger amounts of review text, as these 
appear to be the ratings which customers engage the most with. As shown in the research of Luo 
(2009), NWOM can quickly snowball into negative impacts for the business, and the current 
research suggests that negative reviews garner a higher amount of attention, so it becomes 
important to address complaints quickly if these effects are to be mitigated. Should merit be 
placed upon the findings of the Kruskal-Wallis and Dunn’s test results, then the Japanese market 
can be identified as a segment to be monitored more closely for these effects, as they showed a 
stronger tendency towards both negativity and engagement. Conversely, the results would 
suggest that customers in the United States and United Kingdom are lower maintenance, being 
more positive and less engaged. 
The current research faces some limitations in that the data analyzed consisted of reviews 
from only five countries with five of them being Western. Stronger conclusions could be formed 
about cultural characteristics with greater representation of customers across the globe. The 
research was also somewhat limited by computing power over a large dataset, forcing the use of 
smaller samples for the CART analysis and the dropping of post-hoc analysis at an individual 
customer level. 
Future research should consider a larger, more global customer base and various 
interaction effects to more completely understand what drives customer review behaviors. In 
addition to the measures considered within the current research, buying behavior should be 
considered as well, to explore the relationship between reviews and purchases. 
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